Linked Open Data has made available a diversity of scientific collections where scientists have annotated entities in the datasets with controlled vocabulary terms (CV terms) from ontologies. These semantic annotations encode scientific knowledge which is captured in annotation datasets. One can mine these datasets to discover relationships and patterns between entities. Determining the relatedness (or similarity) between entities becomes a building block for graph pattern mining, e.g., identifying drug-drug relationships could depend on the similarity of the diseases (conditions) that are associated with each drug. Diverse similarity metrics have been proposed in the literature, e.g., i) stringsimilarity metrics; ii) path-similarity metrics; iii) topologicalsimilarity metrics; all measure relatedness in a given taxonomy or ontology. In this paper, we consider a novel annotation similarity metric AnnSim that measures the relatedness between two entities in terms of the similarity of their annotations. We model AnnSim as a 1-to-1 maximal weighted bipartite match, and we exploit properties of existing solvers to provide an efficient solution. We empirically study the effectiveness of AnnSim on real-world datasets of genes and their GO annotations, clinical trials, and a human disease benchmark. Our results suggest that AnnSim can provide a deeper understanding of the relatedness of concepts and can provide an explanation of potential novel patterns.
INTRODUCTION
Linked Open Data has made available a diversity of scientific collections. Scientists have annotated entities in the collections with controlled vocabulary terms (CV terms) from ontologies or taxonomies. Annotations describe properties of these concepts. For example, the functions of genes are described using Gene Ontology (GO) CV terms.
Annotations induce an annotation graph where nodes correspond to scientific concepts or ontology terms, and edges represent relationships between concepts. Figure 1 illustrates a portion of the Web of Data that can induce an annotation graph. Consider clinical trials linked to a set of diseases or conditions in the NCI Thesaurus (NCIt). Clinical trials from LinkedCT 1 are represented by blue ovals; they are associated with interventions or drugs (green rectangles) and diseases or conditions (pink rectangles). Both interventions and conditions are then annotated with terms from the NCI Thesaurus (red circles). Some annotations of a drug may correspond to terms in the NCIt that identify the drug, while others may correspond to the diseases or conditions that have been treated with this drug.
Knowledge captured within scientific collections, the annotations and the ontologies are rich and complex. For example, the NCI Thesaurus version 12.05d has 93,788 terms. The LinkedCT dataset circa September 2011 includes 142,207 interventions, 167,012 conditions or diseases, and 166,890 links to DBPedia, DrugBank, and Diseasome. Thus, the challenge is to explore these rich and complex datasets and to discover patterns, e.g., patterns of annotations across multiple disease conditions or multiple drug interventions. For gene functional annotations, patterns may involve crossgenome functional annotation, e.g., combining the GO functional annotations of two model organisms such as Arabidopsis thaliana (a plant) and Caenorhabditis elegans (a nematode or worm), to predict new functions.
As a first step to discovering complex patterns, we consider an important building block that determines the relatedness (or similarity) of a pair of scientific concepts, based on their annotations with respect to one or more ontologies. An example is identifying the relatedness or similarity of (drug, drug) pairs, based on the annotation evidence of diseases (conditions) from the NCIt. This can lead to dis-coveries of new targets for existing drugs, or it can predict potential side-effects of drugs. A broad variety of similarity metrics have been proposed in the literature [9, 12, 14, 15, 16, 17, 19, 20, 23, 27, 29] . Existing similarity metrics can be of diverse types: i) string-similarity metrics that measure similarity using (approximate) string matching functions (e.g., [11] ); ii) pathsimilarity metrics such as PathSim and HeteSim that compute relatedness based on the paths that connect concepts in a graph (e.g., [23, 27] ); and iii) topological-similarity metrics that measure relatedness in terms of the closeness of CV terms in a given taxonomy or ontology (e.g., [6, 15, 18] ).
Example 1.1. Antineoplastic agents and monoclonal antibodies are two popular and independent intervention regimes that have been successfully applied to treat a large range of cancers. There are 12 drugs that fall within their intersection, and scientists are interested in studying the relationships between these drugs and the corresponding diseases. Consider the two drugs Brentuximab vedotin and Catumaxomab. Figure 2 represents a subgraph of the annotation graph of Figure 1 . Each path between a pair of conditions, e.g., Carcinoma and Anaplastic Large Cell Lymphoma through the NCI Thesaurus is identified using red circles which represent ontology terms from the NCIt. The count of red circles represents the length of a path. To simplify the figure, we only illustrate the paths from the term Carcinoma.
In this paper, we propose a novel annotation similarity metric AnnSim, that measures the relatedness between two entities in terms of the similarity or relatedness of the sets of their annotations. AnnSim combines properties of path-and topological-based similarity metrics to decide the relatedness of two scientific concepts. To the best of our knowledge, our research is the first to consider both the shared annotations between a pairs of concepts, as well as the relatedness of the annotations (CV terms) within some ontology, to determine the resulting relatedness of the two concepts.
A naive implementation of AnnSim would require us to compute the topological similarity of all pairs of ontology terms, or the cartesian product, over the two sets of NCIt ontology terms that annotate each of the pair of concepts. However, many of these pairs of terms may be unrelated. We model AnnSim as a 1-to-1 maximal weighted bipartite matching, and we exploit properties of existing solvers to provide an efficient solution.
We empirically study the effectiveness of AnnSim on realworld datasets of genes and their GO annotations, evidence from clinical trials, and a well known human disease benchmark. We compare the quality of AnnSim with respect to existing similarity metrics including dtax [6] , dps [18] , HeteSim [23] .
We use the sequence-based similarity for genes based on the normalized Smith and Waterman scores [25] computed by BLAST 2 , further normalized as suggested in [8] , as ground truth for genes. We also use the evolutionary phylogenetic tree for a family of related genes as ground truth.
The contributions of this paper can be summarized as follows:
• The formalization of an annotation-based similarity metric AnnSim that defines the relatedness of two concepts in terms of the sets of their annotations. An implementation relies on an existing 1-to-1 maximal weighted bipartite graph matching solver.
• An empirical study that validates AnnSim using a variety of ground truth datasets including human curation as well as sequence based and phylogenetic evidence.
• Our results suggest that AnnSim can provide a deeper understanding of the relatedness of concepts, and in some cases it can also provide an explanation of patterns.
This paper is organized as follows: Section 2 summarizes related work. Section 3 gives the preliminary knowledge of this work and illustrates the performance of existing approaches in a real-world example. Section 4 presents our approach. Experimental results are reported in Section 5. Finally, we conclude in Section 6 with an outlook to future work.
RELATED WORK
A key element in finding patterns is identifying related concepts. Similarity metrics or distance metrics can be used to measure relatedness; we briefly describe some of the existing metrics.
The first class of metrics are string-similarity; they compare the names or labels of the concepts using string comparison functions based on edit distances or other functions that compare strings. The broadly used string distance metrics either reflect the number of edit operations that have to be performed on two strings to covert one in the other (e.g., the Levenstein distance), or they count the number and order of common characters between two strings (e.g., Jaro-Winkler [11] ).
The next are path-similarity metrics that compute relatedness based on the paths that connect the concepts within some appropriate graph. Nodes in the paths can be all of the same abstract types (e.g., PathSim [27] ) or they can be heterogeneous (HeteSim [23] ). Furthermore, topologicalsimilarity metrics extend the concept of path-similarity and they look at relationships within an ontology or taxonomy that is itself designed to capture relationships (e.g., nan [15] , dps [18] and dtax [6] ).
Smith and Waterman [26] propose an algorithm to identify sequence alignment in sequences of nucleotides or aminoacids. BLAST 3 and FASTA 4 propose some restrictions to the sequence entries to speed up the alignment computation process, potentially at the cost of reducing quality. We use a normalized sequence based similarity score as ground truth.
Ontology matching (OM) tries to identify correspondences between semantically related entities of different ontologies [3, 24] . Advanced OM techniques utilize ontology structure [2] . Instance-based techniques (e.g., [28] ) may also make use of annotations. OM and AnnSim have shared objectives and differences. The results of OM, i.e., the sets of correspondences (also called mappings or alignments) are primarily used for data integration, e.g., ontology merging or query rewriting. In contrast, AnnSim is interested in applying the metric to exploring patterns in families (graphs). More important, AnnSim has a focus on the entire annotation evidence. Thus, a mismatch of annotations must reduce AnnSim. Such nuances may not apply in general to OM.
The problem of 1-1 weighted maximal bipartite match has been tested on different domains, e.g, semantic equivalence between two sentences and measuring similarity between shapes for object recognition [4, 7, 22] . These approaches clearly show the benefits of solving this matching problem. AnnSim differs from the prior research in that we consider the relatedness of the sets of annotations. Further, we use an ontology structure to determine ontological relatedness. We extend the Dice coefficient to measure set agreement between the sets of annotations in the 1-1 weighted maximal bipartite match; the AnnSim score will be penalized if one of the concepts is associated with a large number of annotations while only a small number of annotations participate in the match.
Finally, we note that the value of any annotation-based similarity metric will naturally depend on the accuracy and comprehensiveness of the underlying annotation. Since AnnSim considers the graph structure of the ontology, it has the po-
SELECTED SIMILARITY METRICS
We present two taxonomic distance metrics from the literature: dtax [6] and dps [18] . Both metrics define the distance of two nodes in terms of the depth of the nodes to the root of the ontology, and the distance to the their lowest common ancestor (LCA). These concepts are defined as follows: Given a directed graph G, the depth of a vertex x in G is the length of the longest path from the root of G to x. Given a directed graph G, the lowest common ancestor [5] of two vertices x and y, is the vertex of greatest depth in G that is an ancestor of both x and y. Let d(x, y) be the number of edges in the shortest path between vertices x and y in a given ontology. Also let lca(x, y) be the lowest common ancestor of vertices x and y.
The intuition behind the dps metric is to capture the ability to represent the taxonomic distance between two vertices with respect to the depth of the common ancestor of these two vertices. Extending on this idea, dtax [6] tries to assign low(er) values of taxonomic distance to pairs of vertices that are (1) at greater depth in the taxonomy and (2) are closer to their lowest common ancestor. A value close to 0.0 means that the two vertices are close to the leaves and both are close to their lowest common ancestor. A value close to 1.0 represents that both vertices are general or that the lowest common ancestor is close to the root of the taxonomy.
The distance metric dtax is as follows where root is the root node in the ontology:
The distance metric dps is defined as follows:
For the pair of drugs Brentuximab vedotin and Catumaxomab, we could locate these drugs within the NCIt and directly use either of the distance metrics and compute similarity values, (1 − dtax) or (1 − dps). The similarity values are 0.60 and 0.43, respectively. However, unlike the proposed AnnSim metric, this similarity between the pair of drugs does not exploit the knowledge of their annotations, i.e., the diseases to which these drugs have been applied.
The metric HeteSim [23] defines the relatedness of object pairs in terms of the paths that connect the objects in a graph. Paths considered during the computation of this metric are type-path constrained, i.e., they must correspond to instances of a sequence of classes or types named relevance path. HeteSim(s,t | P) measures how likely s and t will meet at the same node when s follows along the path that respects the relevance path P and t goes against the path P . HeteSim is as follows: Definition 3.1 (HeteSim [23] ). Given two objects s and t (s ∈ R1 and t ∈ R l ) and a relevance path
where O(s | Ri) and I(s | Rj) correspond to the outneighbors and in-neighbors of s based on relations Ri and Rj, respectively, and Ot(s | Ri) and I k (s | Rj) represent the t-th and k-th elements in the out-neighbors and in-neighbors of s based on relations Ri and Rj, respectively.
For example, given the annotation graph of Figure 2 , and paths of type (Drug, NCIt, NCIt, Drug), the value of HeteSim(Brentuximab vedotin, Catumaxomab) has a value of 0.0; this is because HeteSim only considers an exact match between the NCIt annotations of each drug. We note that HeteSim could be extended to further consider paths through the NCIt, i.e., these will be paths outside the annotation dataset.
ANNOTATION SIMILARITY METRIC FOR ANNOTATION GRAPHS
An annotation graph G=(V,E) is a particular graph comprised of two type of nodes in V : scientific concepts and terms from an ontology. Edges in G can be between scientific concepts and ontology terms.
Given two concepts c1 and c2 from an annotation graph G=(V,E), we define an annotation similarity metric, AnnSim, based on their sets of annotations, A1 and A2, respectively. We assume that we know the pairwise similarity between elements of A1 and elements of A2, i.e., sim(a1, a2) ∈ [0, 1] for all a1 ∈ A1 and a2 ∈ A2. These relationships between terms in A1 and A2 can be represented as a weighted bipartite graph BG with two node sets A1 and A2. An edge between a1 ∈ A1 and a2 ∈ A2 has a weight sim(a1, a2), where sim(a1, a2) is computed using a taxonomic distance metric.
The computation of AnnSim first requires building a bipartite graph BG with the links in the cartesian product between the set of annotations of two scientific terms, computing all pairwise similarities, and then determining the 1-to-1 maximal weighted bipartite graph match. The time complexity of this process is O(n 4 ), where n is the number of nodes in the ontology; the cost of computing the topological similarity values of each one of the n 2 links is O(n 2 ). To achieve an efficient implementation of the AnnSim metric on BG, we reduce the bipartite graph BG to a 1-to-1 maximal weighted bipartite graph MWBG.
Definition 4.1. [21] A 1-to-1 maximal weighted bipartite graph matching MWBG=( A1 ∪ A2, WEr) for a weighted bipartite graph BG=( A1 ∪ A2, WE) is as follows:
• W Er ∈ WE, i.e., MWBG is a sub-graph of BG.
• the sum of the weights of the edges in WEr is maximized, i.e.,
• for each node in A1 ∪ A2 there is only one incident edge in WEr, i.e., Figure 3 represents the 1-to-1 maximal weighted bipartite graph match produced by the BlossomIV solver [10] .
(a) Weighted bipartite graph for Brentuximab vedotin and Catumaxomab 
Definition 4.2 ( AnnSim Annotation Similarity).
Consider two concepts c1 and c2 annotated with the set of terms A1 and A2 in an annotation graph AG. Let BG=( A1 ∪ A2, WE) be a weighted bipartite graph for set of terms A1 and A2. Let MWBG=( A1 ∪A2, WEr) be 1-to-1 maximal weighted bipartite graph matching for BG. The annotation similarity of c1 and c2 is defined as follows:
The above definition is in the style of the well-known dice coefficient. The maximal similarity of 1.0 is achieved if and only if both annotation sets have the same cardinality (|A1| = |A2|) and all edge weights equal 1. Further, AnnSim penalizes (large) differences in the cardinality of A1 and A2. We apply an exact solution to the problem of computing the 1-to-1 maximal weighted bipartite graph MWBG from a weighted bipartite graph BG using the BlossomIV solver [10] . Considering the 1-to-1 Maximal Weighted Bipartite Graph Matching for anticancer drugs Brentuximab vedotin and Catumaxomab in Figure 3 . We can observe that AnnSim (Brentuximab vedotin,Catumaxomab) is 0.324 representing certain grade of similarity between these two drugs.
Theorem 4.1 (Properties of AnnSim). Consider two concepts c1 and c2 annotated with the set A1 and A2 in agraph AG then:
• Symmetry: AnnSim(c1, c2) = AnnSim(c2, c1).
• Self-maximum: AnnSim(c1, c2) ∈ [0, 1].
• Time complexity: polynomial in the size of AG.
EXPERIMENTAL EVALUATION
While scientists use annotations widely, AnnSim is novel to our work. Thus, there is no prior gold standard that can be used to evaluate the quality of AnnSim. Further, there are few established ground truth datasets or alternate metrics to use as a baseline; thus, our evaluation is somewhat indirect out of necessity. We provide details of the datasets and our protocol to construct ground truth datasets for evaluation. We then present evaluation results.
Datasets and Evaluation Roadmap
Dataset 1: 30 pairs of diseases from the Mayo Clinic Benchmark; each pair is coded for similarity from 1.0 (least similar) to 4.0 (most similar). The coding was performed by 3 physicians (Phy) and 10 medical coders from the Mayo Clinic (Cod) [15, 17] . Diseases were annotated with NCI Thesaurus version 12.05d. Dataset 1 is used to compare (1 − dtax) and (1 − dps) using SNOMED and MeSH.
Dataset 2: 12 anticancer drugs in the intersection of monoclonal antibodies and antineoplastic agents: Alemtuzumab, Bevacizumab, Brentuximab vedotin, Cetuximab, Catumaxomab, Edrecolomab, Gemtuzumab, Ipilimumab, Ofatumumab, Panitumumab, Rituximab, and Trastuzumab. The drugs were associated with conditions or diseases in clinical trials in LinkedCT circa September 2011 and each disease was linked to its corresponding term in the NCI Thesaurus version 12.05d. The number of annotations varies from 1 to 100+. Dataset 2 is used to compare AnnSim with (1 − dtax), (1 − dps), and HeteSim. We recognize that HeteSim performs poorly because it is not designed to consider terms that are close to each other in the ontology as related. However, we use this baseline since it is the only metric that can consider paths between heterogeneous nodes. For genes in Datasets 3 and 4, we compare AnnSim with SeqSim, a sequence based similarity for genes based on the normalized Smith and Waterman scores [25] computed by BLAST 7 , further normalized as suggested in [8] :
where, g and g are genes and SW is the pairwise or reflexive Smith and Waterman score. We also construct the phylogenetic (evolutionary) tree for the Arabidopsis families of Dataset 3 and compute dtax and dps against these trees.
Effectiveness in Dataset 1
The goal of the experiment is to tune the performance of (1 − dtax) and (1 − dps) with respect to multiple ontologies. This will reveal if AnnSim scores will be stable across different taxonomic metrics and ontologies.
We annotated the 30 diseases of Dataset 1 with their corresponding terms in SNOMED, MeSH and the NCI Thesaurus. The scores determined by (1−dtax) and (1−dps) are compared to the human ground truth evaluation of physicians and coders. Table 1 reports on this comparison. Additionally, Table 2 reports on the Normalized Discounted Cumulative Gain [13] (nDCG) between the ranking of the results using (1 − dtax) and (1 − dps), and the ground truth from a physician panel or a coder panel. The nDCG correlations take values between 0.0 and 1.0, where a value close to 1.0 represents a high correlation of the ranking induced by the similarity metric and the one in the ground truth.
Given the order of the pairs of diseases induced by the values of (1 − dtax) and (1 − dps), a high value of nDCG of a given pair highly ranked by the physicians (or coders) indicates that the pair appears at the top of the ranking list. A low value of nDCG reflects that the relevant pair appears at the bottom of the ranking list.
We can observe that both (1 − dtax) and (1 − dps) have similar values of nDCG across SNOMED, Mesh and NCI Thesaurus, for both physicians and coders. This reveals that both metrics are successful at computing high values of similarity for the pairs that were also ranked highly by the physicians and coders. These values also suggest that both metrics have similar performance.
To summarize, the two metrics to compare taxonomic relatedness perform well across multiple ontologies, and their performance is matched.
Effectiveness in Dataset 2
Our objective is to compare the performance of AnnSim with existing similarity metrics to determine relatedness between the drugs in this family. We consider both topological metrics (1 − dtax), (1 − dps) and HeteSim. Intuitively, HeteSim would detect that two drugs are similar if they have many (identical) diseases in common. HeteSim will perform poorly when drugs do not treat identical diseases. In contrast, AnnSim also considers diseases that are not identical but are similar based on the topology of the NCI Thesaurus. Finally, (1 − dtax) and (1 − dps) only consider the topology of the drug terms in the NCI Thesaurus and will ignore the annotation evidence. Table 3 reports on the values of these four similarity metrics when Alemtuzumab is compared to the eleven other drugs in the dataset. We can observe that HeteSim consistently assigns very low values of similarity. Although all these drugs are used to treat different types of cancers, Alemtuzumab shares only a small number of identical diseases with the rest of the 11 drugs and this confuses HeteSim. AnnSim, however, assigns higher values because is able to detect that many of the diseases treated with Alemtuzumab share similar topological properties in NCIt with the diseases treated by the rest of the drugs.
What is notable is that the taxonomic metrics (1 − dtax) and (1 − dps) only consider the topology of the drug terms in the NCIt and they ignore the annotation evidence. Thus, they return uniformly high similarity scores. The column AnnotCount of Table 4 summarizes the number of annotations for each drug; it is clear that there is a wide variation in the diseases that are treated by these drugs. Hence, the inability to exploit the annotation evidence does not allow the taxonomic metrics to differentiate between these drugs. Table 4 summarizes the pairwise scores for the four metrics for each drug, compared to the other 11 drugs. For each drug, the score is used to rank the other 11 drugs. Then SRank1 is the Spearman's correlation for AnnSim and (1 − dtax) and SRank2 is the correlation for AnnSim and (1 − dps). We observe that HeteSim consistently assigns very low values of similarity. AnnSim again assigns higher values overall. Values of SRank1 and SRank2 are higher than 0.5, suggesting that the annotation evidence is consistent with the topological relationships of the drugs in the NCIt.
We note on a couple of outlier cases. Both Edrecolomab and Gemtuzumab have a single annotation, Colorectal Carcinoma and Acute Myeloid Leukemia, respectively. While these diseases are different, the drugs have very similar and low values for AnnSim. We note that the drugs have high values for the taxonomic metrics; e.g., (1 -dtax(Colorectal Carcinoma, Acute Myeloid Leukemia)) is equal to 0.714. Since dtax meets the triangle inequality property [6] , any disease that is similar to one disease will also be similar to the other. We further note that the SRank1 and SRank2 have a negative score for Edrecolomab but the score is closer to 0.5 for Gemtuzumab. This reflects that further work is needed to tune these metrics to consider outliers.
Details of the 12 drugs in Dataset 2 as well as their annotations and pairwise values of AnnSim can be found at http://pang.umiacs.umd.edu/AEDdemo.html.
Effectiveness in Dataset 3
The goal of the experiment is to compare the performance of AnnSim with both SeqSim and topological similarity on the phylogenetic (evolutionary) tree. We consider both fam- ily and random (control) datasets. We compute pairwise values for AnnSim, as well as SeqSim based on the normalized Smith and Waterman scores [25] computed by BLAST 8 , further normalized as suggested in [8] . For each gene, we rank the 19 other genes in the family/set using AnnSim and SeqSim. We then calculate the Spearman's Rho correlation coefficient SRank3 for the 2 rankings. We expect to have a greater measure of relatedness in families over the random datasets.
We also determine the phylogenetic (evolutionary) tree for each of the families. We then compute dtax and dps for these trees, and the Spearman's correlation, SRank4 and SRank5 with AnnSim. We do not compute these metrics for the control genes since they are not closely related using phylogeny. Figure 4 shows the annotation similarity distributions for families and control (random) groups. Table 5 reports on the (average, standard deviation) for SeqSim, AnnSim and correlation SRank3 for the families and the control (random) groups.
Our evaluation strongly confirms that AnnSim is a useful metric. AnnSim assigns higher values to genes in families compared to genes in the control datasets as can be seen from the distribution of Figure 4 . From Table 5 , the average value for families is 0.62, while the same value for the control datasets is 0.40. The average Spearman's correlation coefficient SRank 3 comparing the rank based on sequence similarity and AnnSim is 0.20 for families and 0.01 for the control dataset. All of these values were significant at the 95% confidence interval. Figure 5 shows the distribution of annotation similarity Table 6 compares AnnSim with (1 − dtax) and (1 − dps) computed over the phylogenetic tree for each of the families. We observe that the values of (1 − dtax) and (1 − dps) are quite low. This is a results of the binary topology of the phylogenetic trees. Note that in binary trees only one pair of terms appear in the same branch. Thus, only one of the genes in the family is considered to be similar and the other genes will have very low similarity. Unfortunately, both metrics suffer from this behavior.
We further note that the Spearman's correlations SRank 4 and SRank 5 with (1 − dtax) and (1 − dps) are identical, even though the values for (1 − dtax) and (1 − dps) appear to be different. This too is due to the behavior of these two metrics in the binary phylogenetic tree. In summary, our results show that AnnSim validates the hypothesis that genes from families will have a higher distribution of similar annotations, and will have higher correlation with sequence based SeqSim, compared to control datasets. 
Effectiveness in Dataset 4
We use a case study of manual curation and the phylogenetic evidence to explore AnnSim on a family of Caenorhabditis elegans genes. Actins are long cytoplasmic proteins that are slow-evolving, and present in all eukaryotes. For animals (and some plants) they are usually present in a small family of 5-10 copies. Their function is to allow the cell to control its shape, usually working together with an unrelated protein called myosin. Muscle cells are mostly filled with dense arrays of actin and myosin, but all cells have at least a small amount of actin. Figure 6 shows the distribution of pair-wise annotation similarity for the actins. Figure 7 reports on the (average, standard deviation) for normalized sequence similarity (SeqSim) and annotation similarity (AnnSim) for actins. We also report on the the Spearman's correlation coefficient between the two rankings induced by these metrics, (SRank 6).
We observe that actins have high values of annotation similarity; this confirms that AnnSim assigns higher values to genes in functionally related families. However, we note that the SeqSim values appear to be very low. This is explained by the results of the clustering to be described next. All values were significant at the 95% confidence interval. Figure 7 illustrates the clustering of actins based on the values of AnnSim; the threshold for edges was 0.5 to appear in the figure. The clustering and resulting communities us- Table 6 : Average similarity 10 Arabidopsis thaliana families;(1 − dtax) and (1 − dps) where computed on the phylogenetic tree of the genes that comprise each family in Dataset 3.
Family
(1 − dtax) (1 − dps) ing AnnSim is consistent with the phylogenetic evidence. Based on the phylogenetic evidence, act-1, act-2, act-4 and act-5 are closely related to each other. act-3 is a redundant variant splice form. The arx-n genes are actin related genes. Of the 7 genes, only arx-1 and arx-2 can be aligned with the act-n genes. The other 5 genes arx-3 through arx-7 do not share sequence similarity with the act-n genes. Finally, ani-1, ani-2 and ani-3 are actin binding genes. None of them share sequence similarity with the act-n genes. If we examine Figure 7 , we observe that the actin binding ani-1 through ani-3 are not connected to the other genes. The 5 actins form a community. They are connected to arx-2 which is one of the 2 actin related genes that share sequence similarity with the actins. The 7 actin related arx-n genes also form a community.
To summarize, Dataset 4 is a strong validation of AnnSim using the phylogenetic evidence. The results from Datasets 2 and 4 suggest that AnnSim can also be used to explore and explain deeper and more nuanced relationships among genes or drug families.
CONCLUSIONS AND FUTURE WORK
We have proposed an annotation similarity metric AnnSim to determine the relatedness of two concepts based on the topological similarity of their sets of annotations. AnnSim is defined as a 1-to-1 maximal weighted bipartite graph match. We have performed an extensive evaluation using multiple datasets and ground truth. We note that the 1-to-1 maximal weighted bipartite graph match has many limitations since it ignores unmatched terms and does not consider groups of matching terms. In future work, we will explore extensions to n-m weighted bipartite graphs.
